This paper presents a novel active drift correction template tracking algorithm. Compared to Matthews' algorithm in [8], the proposed algorithm achieves synchronously object tracking and drift correction, and save half running time. For the template drift problem during long sequential object tracking, we introduce the active drift correction term into inverse compositional affine image alignment algorithm. This operation can avoid the template drift before it occurs, or reduce the drift after it happens. The total energy function consists of two terms: the tracking term and the active drift correction term. By minimizing the total energy function with the steepest descent algorithm, the proposed algorithm can decrease the accumulative tracking error, and prevent the drift during the tracking process effectively. Various object tracking experiments show that our method has super performance than the passive drift correction algorithm in [8] .
INTRODUCTION
Automatic object tracking is to find the targets between the consecutive frames in image sequences. Template tracking is widely studied in computer vision, which can date back to Lucas and Kanade (1981) . It is to track an object through a video sequence by extracting the template in the first frame and finding the region which matches the chosen template as closely as possible in the following frames. Based on the affine image alignment (AIA) algorithm, template tracking has been extended in a variety of ways, which include: (1) allowing for arbitrary parametric transformations of the template [1] ; (2) allowing for linear appearance variation [2] [3]; and (3) dealing with special cases, such as occlusion and containing background pixels [4] . Based on the combination of these extensions, some non-rigid appearance models for template tracking are proposed, such as active appearance models (AAM) [5] [6] and active blobs [7] [8] .
The underlying assumption behind template tracking is that the appearance of the object remains the same throughout the entire video sequence. This assumption is generally reasonable for a certain period of time, but eventually the template will be no longer an accurate model of the object as time goes on. Therefore, the assumption is often violated [9] [10] . One solution to this problem is to update the template every frame or after an interval of several frames. However, this updating strategy does not guarantee the right change to update the template. There may be no need to update the template, but it updated. When it needs to update the template, the template is not updated. So, this simple updating strategy often brings the problem of template drift, which consists two parts: spatial drift and feature drift [11] . The spatial drift is the change in the model such that the model and object are misaligned. The feature drift is the change of object appearance as it diverges from the appearance of the model over time.
A drift-correcting algorithm is proposed in [9] [10], in which the template is updated in every frame, and still stays firmly attached to the original object. The algorithm is a simple extension of the naive algorithm. As well as maintaining a current estimate of the template, it also retains the first template from the first frame. The template is first updated as in the naive algorithm with the image at the current template location [9] [10] . However, to eliminate drift, this updated template is then aligned with the first template to complete the final update. This is a passive drift correction algorithm. Obviously, the second tracking needs additional calculating time, which greatly decreases the efficiency of the algorithm. Besides, it is still sensitive to the variation in the object appearance relative to the first template.
In this paper, we propose a novel robust template tracking algorithm. In this algorithm, an active drift correction term is integrated into the affine image alignment algorithm. The tracking term and drift correction term constitute the total energy. The template tracking and active drift correction are achieved synchronously by minimizing the total energy. Our algorithm can reduce the accumulative tracking error and prevent the tracking drift effectively and save the time of an additional correction tracking.
The rest of this paper is organized as follows: In section 2, we review the inverse compositional algorithm and the passive drift correction algorithm. In section 3, we describe our active drift correction algorithm. In section 4, we present our experimental results and compare them with those of the passive drift correction algorithm. Section 5 contains the conclusion and our future work.
PASSIVE DRIFT CORRECTION ALGORITHM
The goal of the AIA is to minimize the sum of squared error between two images, the template T and the image I warped back onto the coordinate frame of the template [12] :
where
x y is a pixel coordinates, 1 6 ( ...... ) P p p is a v ector of affine transformation parameter, and ( ; ) W X P denot es the parameterized set of allowed warps. The warp ( ; ) W X P maps the pixel X in the template to the sub-pixel loc ation ( ; ) W X P in the image I . The minimization of formula (1) is performed with respect to P , and the sum is performed over all of the pixels in the template image. To optimize the formula (1), the Lucas-Kanade algorithm assumes that a current estimate of P is known and then increments to the parameters P is iteratively solved. So the following expression is minimized:
With respect to P , then the parameters are updated P P P ( 3) The inverse compositional algorithm (IC) is a more efficient version of the AIA algorithm, where the roles of the template and the image are switched. In this case, the formula (2) is replaced by the following expression:
With a first-order Taylor expansion in expression (4), we can obtain:
without loss of the generality, assuming that ( ;0) W X is the identity warp, the solution [11] to this least squares problem is:
where H is the Hessian matrix,
does not depend on the warping parameters and thus can be pre-computed. This can improve greatly the efficiency of the algorithm. With respect to P , and then the parameters are updated, P P P . These steps are iterated until the estimating parameter P converges.
Matthews et al. [8] propose the passive drift correction (PDC), which avoids the drifting problem of the simple updating algorithm. Its main idea is to use the first template to correct the drift as an object is tracked in a video sequence. The image ( ) T X I W X P is then computed for tracking in the next frame. The flowchart of this algorithm is shown in figure 2 . Obviously, in order to achieve the purpose of drift correction, the passive drift correction algorithm costs additional run-time of the trace, which greatly degrades the efficiency of the entire tracking process. Meanwhile, the tracking performance is still unsatisfactory when the object is with large deformation.
ACTIVE DRIFT CORRECTION TEMPLATE TEACKING ALGORITHM
Although there are some drawbacks in the passive drift correcting algorithm, it can give us an important cue: the original template have the ability to correct the drift during the tracking process. Beside, the drift correction is followed the template tracking, this operation is passive. My idea is how to change the passive method and build a unified framework. In this Section, we introduce our robust template tracking algorithm with active drift correction. In this algorithm, we regard the tracking information and the drift-correction information as different energy components of the total target energy. Let n T is the updated template, 0 T is the first template.
updateT E is the energy component of the updated template n T in Formula (7), which represents the difference between the updated template and the sub-image of current affine region. firstDC E denotes the energy component about the first template defined in formula (8) , which reflects the difference between the first template and the sub-image of current affine region. The goal of our algorithm is to achieve synchronously the template tracking and drift correction in each frame by minimizing the total energy:
0 0 ( ( ; )) ( ( ; )) * ( ( ; )) ( ( ; )) firstDC n n x y E T W x P I W x P T W y P I W y P (8) In the following formula:
updateT firstDC E E E (9) arg m in P P E (10) where n ( n =0, 1, 2, …) is the frame number.
Our proposed algorithm can be summarized as two stages: the pre-computing, the iterating. W X P and ( ; ) W X P .
EXPERIMENTS AND COMPARISONS
We compare the experimental results of our proposed tracking algorithm with those of the PDC algorithm, and confirm its robustness and efficiency under many kinds of object changes in appearance.
The programs of two algorithms are implemented in matlab7.0. The test video sequences are from dataset4 and dataset5 in http://www.cvg.rdg.ac.uk/slides/pets.html. In the following figures, the top images are the tracking results of the passive drift algorithm, and the bottom ones are the results of our proposed method.
Sequence 1 is a car sequence gotten from the dataset5-camera2 (frames from 200 to 412). In this frame sequence, there is a gray car drove up gradually from a distance, and its scale gradually becomes larger and larger. When the passive drift-correction algorithm is used for tracking, the tracking drift occurs in the frame 133, 212 (to see figure. 1 ). We can see that the drift continues to increase until it is unable to locate a valid object area. Our algorithm can locate the target well during the entire tracking process without obvious drifts in the bottom of figure 1 ). Sequence 2 is a clip with 300 frames from the camera1 of the dataset5 (from the 545 th to the 845 th frame). A gradually disappearing car is tracked as shown in figure 2 . The backpart of the car is selected as the original template. The left column of figure 2 is the tracking result of the passive driftcorrecting algorithm, in which the drift appears in frame136. Due to accumulative error, the drift becomes more and more serious, so the object is lost and the tracking fails in the following frames. The bottom of figure 2 shows the tracking result of our algorithm. It shows that our algorithm achieves better performance than the passive drift correction algorithm.
The third image sequence is from the dataset4, which is captured by a panoramic camera and called Sequence 4 (to see figure 3) . The tracking task is much more challenging in this sequence. In the beginning of the sequence, as shown in frame 3, the car appears very small, and little detail can be seen. The scale of the car increases with large rotation when it gradually approaches the camera. The scale of the car decreases with large rotation, when it is far away from the camera. The drift in PDC algorithm gradually increases so that the tracking fails. Our algorithm can control and correct the drift, so the car is tracked effectively. Even the car becomes smaller, as shown in frame 45 and 80 in figure 3 . In the figure 4 , we compare the numbers of iteration, the running time per frame and the RMS error of both algorithms used in the above image sequences. The RMS error is the root of mean square error between the tracked result and the original template. The blue line and the red line stand for the passive drift correction algorithm and our algorithm respectively. In figure 4 , there are six illustrations, (a), (b), (c) which correspond to the above sequences used in experiments respectively. The results of the comparison are the further evidence of the effectiveness and robustness of our algorithm.
CONCLUSION
This paper proposes an active drift correction template tracking algorithm. Different results show that our algorithm has super performance than the passive drift correction algorithm. The proposed method can correct the drift effectively, and does not need an additional correction tracking. The future work is to reduce the cost of the calculation, and make it be used in the real-time object tracking task.
